Background: Profiling of shotgun metagenomic samples is hindered by a lack of unified 24 microbial reference genome databases that i) assemble genomic information from all open 25 access microbial genomes, ii) have relatively small sizes, and iii) are compatible to various 26 metagenomic read mapping tools. Moreover, computational tools to rapidly compile and 27 update such databases to accommodate the rapid increase in new reference genomes do not 28 exist. As a result, database-guided analyses often fail to profile a substantial fraction of 29 metagenomic shotgun sequencing reads from complex microbiomes. 30
Background 48
The microbiome field has been revolutionized by sequencing technologies that enable 49 reconstruction of microbial community composition and function. Metagenomic whole-50 genome shotgun sequencing (mWGS) samples the full genomic complement of a community 51 to provide a high-resolution reconstruction of its species, strains, and even single-nucleotide 52 polymorphisms. With adequate sequencing depth, mWGS data contain information on the 53 scale of billions of short reads that can be deconvoluted to generate compositional and 54 functional profiles of the hundreds to thousands of microbial species existing in a given 55
microbiome. 56
Extracting information such as species identities from this vast body of intrinsically complex 57 data is of great biological interest, yet methodologically challenging [1] . To accommodate 58 this data type, methods to analyze mWGS data require high sensitivity (the proportion of data 59 that can be interpreted), high specificity (the proportion of data that are correctly interpreted) 60 and high speed. Commonly, mWGS data are assigned a taxonomic or functional label based 61 on their alignment to a most plausible genome position in a reference database containing 62 microbial genome sequences (for example, see [2] [3] [4] ). Thus, the sensitivity, specificity, and 63 speed of such database-guided analyses all depend on the intrinsic qualities of the reference 64
database. 65
For optimal utility, a reference database should have maximal comprehensiveness, which 66 5 including all complete and draft microbial genomes in Genbank, yet the usage of such 89 massive databases strongly inflates storage or memory space and indexing or searching time. 90
Moreover, other analytical frameworks that are incompatible with these searching algorithms 91 (e.g., probabilistic read assignment enabled by Pathoscope [9, 10]) could also benefit 92 significantly from improved databases. On the other hand, tools such as MetaPhlan [11, 12] 93 that do emphasize database quality limit their usage to very specific tasks (such as 94 compositional estimation of a whole sample) by only searching taxonomically informative 95 genome regions and leaving the majority of the metagenomic reads unclassified. 96
In general, rapid sequence classification algorithms trade memory and storage space for speed 97 by building a substantially large index of the database that is easy to search against. However, 98 this strategy prohibits such methods from incorporating new genomics data, which is 99 problematic given the exponential increase in the number of genomes sequenced in recent 100 years. For instance, LMAT created a 500 GB k-mer index of less than 5,000 microbial 101 species in 2011 [8] ; however, at the time of the drafting of this manuscript, GenBank had 102 accumulated genome assemblies of over 80,000 microbial strains from over 20,000 species. 103
The dramatic growth in draft microbial genomes challenges our ability to compile and update 104 reference genome databases in a manner that maintains their compatibility to various 105 bioinformatics tools and utility to the metagenomics community. 106
To address these limitations, we sought to assemble high-quality genome databases that are 107 compatible with various indexing, searching and analytical algorithms. Here, we describe two 108 new pipelines that each efficiently compiles distinct non-redundant, species-resolution 109 reference databases comprising all open access microbial genomes: database "reprDB" is 110 6 compiled from microbial representative or reference genome sequences, and database 111 "panDB" consists of the pan-genome sequences of known microbial species, for which we 112 developed an iterative alignment algorithm that efficiently extracts the pan-genomic 113 sequences from a set of conspecific strain genomes. We demonstrate that these databases 114 have the following advantages: they 1) can be re-compiled automatically and efficiently, 2) 115 provide species-level resolution while including strain information, 3) are limited in size, and 116 4) are able to assign taxonomic labels to the majority of genomic sequence data from human 117 microbiomes. 118
119
Results 120
Properties of reprDB and panDB 121
To more effectively leverage the rich knowledge base of sequenced genomes without 122 excessive analyses time and space requirements, scalable algorithms are required to compress 123 the redundant sequence information in a given database. In particular, conspecific microbial 124 strains contain very similar genomic regions that can be compressed into one representative 125 sequence to greatly reduce the size of the database. For reprDB, intraspecific redundancy is 126 removed by including the representative and reference genomes for each microbial species 127 while discarding the rest of the strain genomes of that species. Therefore, reprDB retains 128 species-level resolution and has minimal size, including 7,018 bacterial, 339 archaeal, 790 129 fungal and 7,035 viral species totaling 57GB in plain text format. 130
While reprDB has minimal size and retains species-level resolution, it does not capture 131 7 microbial communities. To complement reprDB, we developed panDB with the goal of 133 incorporating sequence information from all conspecific strains, but in a non-redundant 134 fashion. However, identification of non-redundant genomic regions among conspecific strains 135 conventionally requires multiple whole-genome alignment ( Figure 1A ) that relies on 136 polynomial-time algorithms to compare all aligned genomes and identify collinear genomic 137 regions, which is excessively time-consuming to cover all available microbial species. 138
Therefore, we designed iterative alignment ( Figure 1B) , a new and scalable algorithm suitable 139 to extract non-redundant pan-genome information from a set of closely related genome 140 sequences. Iterative alignment efficiently assembled panDB comprising pan-genome 141 sequences of 13,485 bacteria, 676 archaea, 864 fungi and 5,578 viruses with a total size of 142 87GB in plain text format. 143
144

Iterative alignment 145
Our iterative alignment algorithm traverses a list of strain genomes to identify and 146 concatenate non-redundant genomic regions ( Figure 1B ). It purposefully avoids the 147 computationally-expensive multiple whole-genome alignments, and extracts more contiguous 148 pan-genome sequences than whole-genome alignments. Iterative alignment dramatically 149 increased the efficiency of pan-genome sequence extraction compared to multiple whole-150 genome alignment (Table 1) . Iterative alignment has an empirical time complexity that scales 151 approximately linearly with the number of genomes with a theoretical worst-case complexity 152 of O(n 2 ) when there is completely no alignable region between any pair of genomes, which is 153 significantly more efficient than the polynomial-time multiple whole-genome alignment when 154 8 the number of genomes is large ( Figure 1C ). In addition to the remarkable increase in speed, 155 iterative alignment only adds contigs of genomic regions to the growing reference sequence, 156 but does not segment the contigs that are already added to the reference sequence. This 157 property of iterative alignment results in significantly longer contigs for a less fragmented 158 pan-genome per species (3,524 bp versus 1,238 bp per contig on average for B. fragilis) 159
( Figure 1D ) than conventional multiple whole-genome alignment, while retaining very 160 similar pan-genome sizes (39.9 Mbp versus 39.5 Mbp for B. fragilis). 161
162
Identification of assemblies with exogenous genomic sequences 163
Microbial genome assemblies in Genbank could contain exogenous sequences, either due to 164 lateral transfer or sample contamination. To account for this possibility, we have included a 165 pipeline in our GitHub repository that detects potentially exogenous contigs in the pan-166 genome sequences in panDB. To demonstrate the usage of the pipeline, we searched for pan-167 genomes in panDB that contain Escherichia coli-like sequences by aligning a set of 81 E. 168 coli-specific marker genes extracted from the MetaPhlAn database to panDB [11, 12] . Cut-169 offs of alignment summary statistics, such as sequence identifies, e-values and coverage of 170 the aligned region are adjustable by the user. For demonstration, a total of 273 species pan-171 genomes align to at least one E. coli-specific marker gene with sequence identities over 0.9 172 and e-values less than 10 -6 . Most of these pan-genomes contain only one fragmental 173 alignment to the marker genes (i.e. the aligned region covers less than 50% of the marker 174 gene sequence), which could have resulted from true homology of gene motifs instead of 175 exogeneous E. coli sequences. 68 of the 273 pan-genomes have contigs that either align to at 9 least two marker genes, or align to at least one marker gene while the aligned region covers 177 more than 50% of the marker gene sequence. Among the 68 pan-genomes, the majority (73%) 178 are from the genera Escherichia and Shigella (Figure 2 ), which are phylogenetically close to 179 E. coli. The rest of the species pan-genomes are evolutionarily distant from E. coli yet still 180 contain genomic regions highly similar to the E. coli marker genes. These pan-genomes likely 181 contain contaminated or laterally transferred E. coli sequences, while they constitute less than 182 0.1% of all pan-genomes in panDB. 183 184
Read classification of in silico synthetic communities 185
To test the ability of reprDB and panDB to classify metagenomic reads at different taxonomic 186 resolutions, from communities of common and uncommon species, and from communities of 187 different levels of complexity, we classified sequencing reads sampled from three types of 188 synthetic communities using a short read aligner (Bowtie 2 [13]) and a read classifier 189 (Pathoscope 2.0 [9]). 190
We first classified sequencing reads simulated from three classes of low-complexity in silico 191 synthetic communities: 1) communities consisting of 5, 10, or 20 strains from the same 192 species (either Staphylococcus epidermidis or Bacteroides fragilis), 2) communities 193 consisting of 5 species from the same genus (either Staphylococcus or Bacteroides), and 3) 194 communities consisting of 5 species representing 5 different phyla. Because our databases 195 treat species as the lowest taxonomic unit, the synthetic communities composed of 196 conspecific strains were only used to test mapping sensitivity. ReprDB and panDB were able 197 to classify the majority (over 80% for reprDB and over 98% for panDB) of reads from the 198 12 gold standard and reprDB estimates, and average Pearson correlation coefficient=0.70 243 between the gold standard and panDB estimates). In addition, the Refseq database used to 244 generate the gold standard profiling contains not only bacteria genomes, but also plasmid and 245 gene sequences, and is much larger in size (37.6GB of bacterial genome sequences and 246 482.8GB of non-genome sequences) than reprDB and panDB, but it only classified a much 247 smaller subset of reads in the datasets compared to reprDB and panDB ( Figure 5A and 5C). 248
The results suggest that reprDB and panDB are informative and compact, while panDB is 249 especially powerful when characterizing highly complex communities with strain-level 250 diversity and potentially unknown microbial species. 251
252
Compatibility with Kraken 253
To show that reprDB and panDB is compatible with read classification tools other than 254 Pathoscope 2.0, we used Kraken to classify sequencing reads based on reprDB, panDB and 255 the standard Kraken library [7] . In contrast to Pathoscope 2.0, which assigns each read to a 256 single genome, Kraken assigns each read to its lowest taxonomic level [7] . Using the in silico 257 communities synthesized in this study, we assessed the total proportion of reads classified 258 based on the databases. A similar proportion of reads sampled from the S. epidermidis strains 259
were classified based on reprDB, panDB, and the standard Kraken database, while panDB 260 classified more reads sampled from B. fragilis strains than reprDB or the standard Kraken 261 database ( Figure 6A ). The results were consistent to the observation when reads were 262 classified using Pathoscope 2.0 ( Figure 3A ). Next, we assessed the consistency between the 263 genome from which a read was sampled and the taxonomic node to which the read was 264 13 assigned to. panDB exhibits the highest consistency in read classification ( Figure 6B ). 25% of 265 the reads generated from the community composed of 5 Bacteroides species was not correctly 266 assigned using reprDB, and an even larger amount (34%) failed to be correctly assigned using 267 the standard Kraken database ( Figure 6B ). These observations were consistent to the results 268 generated using Pathoscope 2.0 ( Figure 3B ). While Pathoscope 2.0 incorrectly assigned a 269 significant proportion of multi-mapped Staphylococcus reads to S. haemolyticus based on 270 panDB ( Figure 3B ), Kraken did not exhibit this problem for it classifies multi-mapped reads 271 to the lowest common ancestral node [7] . 272
273
Read classification of the skin and stool mWGS samples 274
We then re-analyzed the mWGS data from over 800 human skin and stool microbiome 275 To assess how well these databases capture the within-species diversity observed in the skin 288 and stool samples, we compared the fraction of reads that aligned to the representative 289 genome, the pan-genome sequence, and all strain genomes of a given species that are aligned 290 to derive the pan-genome sequence. For this purpose, we randomly chose 5 microbial species 291 that have multiple sequenced strain genomes and are relatively abundant in skin or stool 292 samples, respectively (Table 2) . Many species contain significant within-species diversity that 293 was not characterized by the representative sequences; in an extreme case, the representative 294 genomes of B. vulgatus captured less than 5% of all reads mappable to the species pan-295 genome ( Figure 7C , upper panel). Overall, the pan-genome sequences alone were able to 296 profile a similar fraction of reads with the unaligned strain genomes combined, while having 297 a significantly reduced size (Table 2) . 298 299
Consistency in read assignments based on the two databases 300
To compare the performances of each database, we compared the taxonomic classification of 301 skin and stool mWGS reads using reprDB and panDB. The fractions of reads assigned to the 302 same microbial genus were generally comparable based on reprDB and panDB, with an 303 average Pearson correlation coefficient of 0.943 for skin samples and 0.958 for stool samples 304 ( Figure 7D ). However, inconsistency in read assignment increased at the species level, 305 resulting in an average correlation coefficient of 0.323 for skin samples and 0.720 for stool 306 samples ( Figure 7D , left panel). Many reads were mapped to species that are present in 307 panDB, but are not included in reprDB because the species have no designated representative 308 15 genomes (for example, the species data points in the orange square in the upper left panel of 309 Figure 7D ). In addition, panDB was able to recruit additional reads to the pan-genome 310 regions of many species compared to reprDB (for example, the species data points in the blue 311 square in the upper left panel of Figure 7D ). Moreover, reads that initially mapped to a 312 reprDB species may align to a different genomic region in panDB, consequently decreasing 313 the observed abundance of the species which the reads originally mapped to (for example, the 314 species data points in the green square in the upper left panel of Figure 7D ). While reprDB is 315 smaller and more balanced in that it does not over-represent species that have more 316 sequenced strain genomes, panDB provides a more comprehensive classification that 317 incorporates intraspecific diversity. 318 319
Consistency in taxonomic profiles generated based on 16s rRNA and mWGS data 320
Finally, we compared the taxonomic profiles generated based on reprDB and panDB to the 321 genus-level taxonomic profile generated based on 16s rRNA sequencing for 57 stool samples 322 that have both mWGS and 16s rRNA sequencing data [17] . 16s rRNA sequencing identified 323 118±47 microbial genera, out of which 45±7% were not identified using either reprDB or 324 panDB based on the paired mWGS data, partly because no whole genome sequences are 325 available in Genbank or Refseq for some of these genera. On the other hand, 91±5% of the 326 873±341 genera identified using either reprDB or panDB were not identified by 16s rRNA 327 sequencing. The 64±22 genera that are robustly identified by both sequencing methods have 328 highly consistent relative abundance estimates, with an average Pearson correlation 329 coefficient of 0.89 between 16s rRNA and reprDB and 0.88 between 16s RNA and panDB. Ideally, reference databases for characterizing metagenomic data should be comprehensive 333 but non-redundant to accurately classify as many sequencing reads as possible with maximum 334 efficiency and minimum computational cost. In this study, we described methods to 335 efficiently and automatically compile two microbial genome databases, reprDB and panDB, 336 both of which have manageable sizes and are suitable for analyzing mWGS data. The 337 reference databases we compiled significantly promoted microbial species identification in 338 human-associated microbial communities. For many of the stool and skin microbiome 339 samples tested in this study, close to 100% of the reads were classified using either of the two 340 databases and with high consistency in taxonomic classification, representing a significant 341 improvement over previous analyses [4] . 342
343
For some samples, however, only a tiny fraction of reads were classified, despite the 344 comprehensive nature of reprDB and panDB. This suggests the presence of microbial clades 345 that have no available genome sequences to date, perhaps owing to generally low prevalence 346 or conditional abundance. Similarly, some of the clades identified by 16s rRNA sequencing 347
were not identified in the shotgun metagenome dataset because no genome sequences were 348 available for these clades, underscoring the need for continued microbial genome discovery 349 and database integration. Alternatively, their lack of representation could result from 350 systematic bias in microbial isolation or sequencing methods. For example, bacteria from the 351 Prevotella genus are harder to culture than Bacteroides bacteria, which results in significantly 352 more sequenced Bacteroides genomes than Prevotella. Consequently, significantly fewer 353
Prevotella reads can be classified using standard reference databases. A similar bias was also 354 exposed in our simulation study, where a significant number of reads were incorrectly 355 assigned to highly represented and closely related species in the database ( Figure 3B and 4A) . 356
In general, public sequence databases such as GenBank contain more data for microbial 357 species of clinical, biological, or technical importance, as well as species that are easier to 358 isolate and culture. It therefore follows that databases curated from these sources will 359
propogate this skewing and potentially bias the alignment-based characterization of microbial 360 communities. Therefore, addition of genome sequences of underrepresented yet ecologically 361 important species will make the reference databases not only more informative, but also more 362 balanced and robust for read classification purposes. Given that isolation and sequencing of 363 such species could be technically challenging, this underscores the value of phylogeny-driven 364 sequencing efforts such as GEBA [18-20] as well as innovations in culturomics [21, 22] and 365 single-cell sequencing [23] to improve species representation in reference databases. 366 367 ReprDB selectively uses representative or reference genome sequences to minimize its size 368 while providing species-level resolution. Representative or reference genomes are selected 369 from the NCBI RefSeq database based on community consensus, assembly and annotation 370 quality as well as consideration of species-level taxonomic classification, and then manually 371 curated for their metadata by PATRIC. In addition to being compact and high-quality, 372 sequence information in reprDB is more balanced across microbial species, in the sense that 373 the database only includes the representative or reference genomes of a given species, 374 18 regardless of how many strains have been sequenced for the species. Under circumstances 375
where the closely related species in a community are sparse or skewed, repDB could serve as 376 an important complement to panDB, or even outperform panDB in terms of read 377 classification accuracy especially for commonly observed bacterial species (Figure 3B , 4A 378 and 4B). 379
380
On the other hand, panDB purposefully includes as much non-redundant information as 381 possible for each known microbial species in order to classify as many microbial reads as 382 possible. It is moderately larger in size than reprDB and correspondingly classifies a larger 383 fraction of mWGS data. However, this increase is biologically significant because many 384 species possess considerable strain-level diversity within their human-associated habitats, 385 which can only be characterized by accounting for intraspecific diversity in the reference 386 database ( Figure 7C and 7D) . Moreover, intraspecific genetic variation can differ markedly 387 between species (e.g., 20% of gene families are variable in commensal S. epidermidis [24] , 388 while 70% are variable in Salmonella enterica [25]), requiring an approach that can 389 accommodate large numbers of strains. We show that panDB is especially valuable in 390 characterizing communities of high complexity, with strain-level diversity and with 391 previously unknown species ( Figure 5A and 5C ), because panDB more comprehensively 392 explores the sequence space that are accessible to each microbial species by accounting for all 393 sequenced strains of that species. Additionally, reads that map to one genome location in 394 reprDB may find a different alignment in panDB. Such relocated reads are not rare, and they 395 can substantially influence read assignment among species. This is because read assignment 396 19 is commonly inferred under a Bayesian framework in software such as Pathoscope [9] where 397 the assignment of one read influences the probability of the assignment of other reads. It is 398 important to note that we found that read assignments are more precise with panDB, which 399 contains more information than reprDB, but not definitively more accurate due to the above-400 mentioned bias in representation among species ( Figure 3B and Figure 4A ). Accuracy of 401 panDB-based read assignment could be further improved by balancing species representation, 402 or introducing read assignment models that explicitly correct for the variation in species 403
representation. Another factor that could influence the accuracy of panDB is the presence of 404 exogenous sequences in genome assemblies, due to either contamination or lateral transfer. 405
Although we show that the proportion of contaminated assemblies is likely small (Figure 2) , 406 assemblies containing laterally transferred element are hard to identify computationally based 407 on only the genome sequence. However, when analyzing mWGS datasets, it is possible to 408 minimize the influence of laterally transferred element by combining database-based profiling 409
with de novo approaches such as coverage-based binning (for example, see [26] ). 410
411
The importance of species pan-genomes in analyzing compositional or functional aspects of 412 metagenomic datasets has received much attention. Most methods, however, characterize 413 pan-genomes on the resolution of gene families, ignoring non-coding regions or unannotated 414 coding sequences [27, 28] . This limitation likely arises from both the high computational cost 415 of multiple whole-genome alignment and the lack of alternative algorithms that can 416 efficiently identify pan-genomes based on full genome sequences. Thus, we based panDB on 417 an iterative alignment algorithm which allows rapid extraction of the pan-genome sequence 418 20 from a set of conspecific strain genomes independent of annotated coding sequences. Iterative 419 alignment is a greedy algorithm, as empirical computation time scales approximately linearly 420 with the number of strain genomes that are aligned ( Figure 1C ). In addition to superior speed, 421 iterative alignment has two advantages for database compilation. First, the algorithm results 422 in less segmented pan-genome sequences than conventional multiple whole-genome 423 alignment ( Figure 1D ). During iterative alignment, the reference sequence will only be 424 extended but never trimmed or rearranged. Therefore, the order of bases observed in the 425 reference sequence at any given time, including those bases in the blocks that are appended to 426 the reference sequence, will be preserved throughout the database compilation ( Figure 1B) . A 427 less segmented pan-genome sequence can reduce the loss of mappable reads that align to the 428 breakpoints between contigs. Second, databases constructed using iterative alignment can be 429 easily updated: each newly added genome can be incorporated into the present pan-genome 430 sequence by conducting one alignment using the pan-genome sequence as the reference and 431 the newly added genome as the query. Thus, panDB is can be repeatedly expanded without 432 fully recompiling the database. 433
434
Finally, reference databases that provide high-quality a priori knowledge can aid other 435 analytical methods. For example, reprDB and panDB can disentangle mWGS data by 436 partitioning reads according to their species of origin, facilitating fast and accurate assembly 437 of species' genomes. Comprehensive databases can also improve analysis of genetic 438 polymorphisms in microbial populations by providing more precise alignments for variant 439 base calling. In addition, these databases can be extended to include contextual or sequence- Briefly, in each iteration, a query genome is chosen and aligned to a standing reference 484 23 genome ( Figure 1B) . The genome regions, or blocks, that are only present in the query 485 genome but absent in the reference genome are identified and appended to the reference 486 genome. In the next iteration, the updated reference genome is aligned with a different query 487 genome to identify query-exclusive blocks, which are appended to the updated reference 488 genome. The iteration continues until all strain genome sequences have been considered, 489 either as a query genome or as the starting reference genome in the first iteration. Finally, the 490 progressively updated reference genome sequence represents the species pan-genome 491 sequence, which covers genomic regions in all strains. In the present study, the representative 492 genome of a species was used as the reference genome in the first iteration. If a species does 493 not have a designated representative genome, the genome with the greatest size was selected 494 as the reference genome in the first iteration. The rest of the conspecific strain genomes were 495 aligned iteratively to the reference genome in descending size order. We used Mugsy with 496 default parameters for the alignment of conspecific strain genomes because Mugsy is 497 especially suitable for closely related genome sequences [32] . 498 499
Compilation of the pan-genome database (panDB) 500
Automated panDB compilation was implemented in UNIX bash and C++, embedded in a 501 UNIX shell wrapper, suitable for parallel processing on a Portable Batch System. All 502 bacterial, fungal, archaeal, and viral genome assemblies were downloaded from GenBank and 503 grouped by species, according to the species taxonomy ID provided by the assembly 504 summary files [33] . The majority of microbial species only have one sequenced genome 505 ( Figure 8A, left panel) , while the majority of sequenced genomes belong to species with 506 24 multiple sequenced strains ( Figure 8A, right panel) . Within each species, genome sequences 507 of different strains were aligned iteratively to identify the species pan-genome sequence. 508
Some medically important species have hundreds or even thousands of sequenced genomes. 509
In this study, to shorten the compilation time, only the representative genome and the 49 510 largest strain genomes were aligned for bacterial, archaeal and viral species that have more 511 than 50 sequenced strain genomes. For fungal species that have more than 20 sequenced 512 strain genomes, only the representative genome and the 19 largest strain genomes were used 513 for the alignment. The maximum number of strain genomes used to compile the pan-genome 514 sequence can be adjusted by the users. In this study, all contigs shorter than 1000bp, which 515 constitute over 10% of the contigs (Figure 8B , left panel) but less than 1% of the bases in the 516 database ( Figure 8B, right panel) , were removed from the final pan-genome sequences to 517 further condense the database. Short contigs do not significantly improve read mapping due 518 to poor contiguity, but can inflate space usage especially when long fasta headers are used. 519
Users can specify the minimum contig length to keep when compiling panDB. 520 521
Detecting exogenous genomic sequences 522
We included a pipeline in the GitHub repository that detects potentially exogenous contigs 523 from the pan-genome sequences in panDB. The pipeline extracts species-or strain-specific 524 marker genes from the MetaPhlAn database [11] , and searches the marker gene sequences 525 against all pan-genome sequences in panDB using usearch-local [34] . The pipeline reports 526 contigs that match any marker genes with sequence identities and e-values passing user-527 specified thresholds. The pipeline also reports the subset of contigs that either align to at least 528 25 two marker genes, or align to at least one marker gene while the aligned region covering more 529 than x% of the marker gene sequence, with the value of x specified by the users. In the 530 present study, we used phyloT to visualize the species cladogram (http://phylot.biobyte.de/). 531 532
Synthetic communities 533
To evaluate the sensitivity and specificity of the databases for read classification, we first 534 used reprDB and panDB to analyze reads simulated from low-complexity in silico synthetic 535 communities. To assess the sensitivity of the databases in recognizing multiple strains from 536 the same species, synthetic communities were created with 5, 10, or 20 strain genomes of 537 either S. epidermidis or B. fragilis. Next, the databases were tested for their sensitivity and 538 specificity of species-level and phylum-level classification using synthetic communities 539 created using representative genomes of 5 Bacteroides species (B. fragilis, B. uniformis, B . 
epidermidis, Pseudomonas aeruginosa, Micrococcus luteus and Borrelia burgdorferi). 543
Assembly accession numbers of the genomes are available in Additional file 1. 500,000 or 544 1,000,000 Illumina reads were sampled from each of the 9 synthetic communities using 545
Mason [35] with arguments -sq (simulating qualities), -i (include read information), -hs 0 (do 546 not simulate haplotype snps), -hi 0 (do not simulate haplotype indels) and -n 100 (100bp read 547 length) . Read classification was conducted using Bowtie 2 [13] and Pathoscope 2.0 [9] as 548 described below. 549
Next, to test the ability of the databases to classify reads from common bacterial species, we 550 26 analyzed the mock metagenome community downloaded from 'mockrobiota' (mock 551 community 17) [14, 15] , which is the only shotgun metagenome dataset in mockrobiota and 552 contains 21 evenly mixed bacterial strains. Low-quality bases were first trimmed using sickle 553 with default parameters. The trimmed reads were then classified using Bowtie 2 [13] and 554 Pathoscope 2.0 [9] as described below. The Pielou's evenness index [36] was computed using: Finally, to test the ability of the databases to classify reads from unknown and high-561
complexity communities, we analyzed five high-complexity synthetic communities 562 downloaded from CAMI (CAMI_high) [16] , that were previously used in the first CAMI 563 challenge. The datasets consist of 5 Hiseq samples of 15 Gbp each with small insert sizes 564 sampled from complex synthetic communities containing over 700 predominantly 565 unpublished isolate genomes. Read classification was conducted as described below, but due 566 to the large size of the datasets, the reads aligned using Bowtie 2 [13] were not re-assigned 567 using Pathoscope 2.0 [9]. Instead, the number of reads mapped to each genome were directly 568 counted using samtools 1.5 [37] . 569
Construction of the Kraken databases and Kraken read classification 570
ReprDB and panDB were first formatted to include the NCBI taxID in their fasta headers 571 27 according to the requirement by Kraken [7] . The databases were then built with hash-sizes of 572 10000M. We limited the maximum database sizes to be 256GB in order to fit the available 573 memory space on our computer cluster. When a read can be mapped to multiple genomes, 574
Kraken assigns the read to the lowest common ancestor of the genomes [7] . As a result, the 575 more similar genomes a database contains, the more likely a read will map to multiple 576 genomes and be assigned to a higher taxonomic level. Therefore, Kraken classification based 577 on different databases cannot be compared on a single taxonomic level. Consequently, we 578 compared the consistency between the taxonomic node a read is assigned to and the species 579 genome from which the read is sampled -if the read is either assigned to the correct species 580 or assigned to an ancestral node of the species, we conclude that the classification is 581 consistent. We compared read assignment using three in silico synthetic communities 582 generated in this study (communities with 5 Bacteroides species, 5 Staphylococcus species 583 and 5 species representing 5 bacterial phyla, as described above) for which the species of 584 origin of each simulated read is known. In addition, we assessed the sensitivity of read 585 classification when multiple strains of a same species are present in a community. We did this 586 by comparing the proportion of classifiable reads sampled from communities consisting of 5, 587 10 or 20 S. epidermidis or B. fragilis strains based on reprDB, panDB and the standard 588 Kraken library. 589 590 mWGS datasets 591
Using reprDB and panDB, we classified reads from 692 skin and 144 stool mWGS samples. 592
The skin samples, as described previously in [4], were collected from 12 individuals from 17 593 is demonstrated with a microbial species having four sequenced strains (strain A-D) where 784 strain A is selected as the representative genome, denoted by (R). In the first alignment 785 iteration, a query genome is selected (strain B) and aligned to the reference (strain A), 786
identifying the genomic region that is present in the query but not in the reference (orange 787 region). The orange region is then appended to the reference genome to generate an updated 788 version. In the next iteration, a new query genome (strain C) is aligned with the updated 789 reference genome. The query-exclusive purple region is identified and appended to the 
